This paper investigates the effect of incorporating an IPFC on Contingency Ranking(CR). The contingencies are ranked based Condition Number (CN) of the Jacobian matrix of Newton-Raphson load flow technique. The contingency ranking was done for single transmission line outage conditions with and without incorporating IPFC. Further, the ranking was done under system load enhancement condition. Suitable Artificial Neural Network (ANN) architectures are designed to predict the contingency ranking of a system. The results obtained based on case studies carried out on IEEE-6 Bus System and Indian Utility UPSEB-75 Bus System are presented. MATLAB environment was used for simulation purpose.
Introduction
One of the major tasks of EMS is to carry out the contingency analysis. Steady state contingency analysis is carried out on real power systems for evaluating the performance of the system and to determine the necessary control actions. Generally it is not feasible and required to consider all the possible contingencies in the system for such study, hence credible contingencies are required to be ranked based on their relative severity. The study of contingency is an essential activity during power system planning, operation and control. So, power system security is one of the important concerns for power engineers to maintain the system stability for all kinds of outages. In some cases of contingency, the effects may lead to transmission line overloads or bus voltage limit violations. As the process of cascading outages in the system may lead to complete black out or collapse of the system. Static system results are very helpful to the system operators to secure the system during any transmission line outage in the system. To overcome such issues, there is a need to identify such contingencies. Contingency screening and ranking process accurately determines the possibility of specific contingencies which may cause power system instability based on their severity. Contingency selection is one such study which has the ability to identify the critical contingency in the system. Suitable preventive control actions can be implemented considering contingencies that are likely to affect the power system performance. As the recent power systems are experiencing the threat of voltage instability, the contingencies are required to be ranked incorporating voltage stability phenomenon. The curve fitting approach has been proposed for contingency ranking in [1] . The change in the estimation of the loading margin to voltage collapse when a line outage occurs is compared by continuation power flow to obtain a nominal loading margin, and then linear quadratic sensitivities of the loading margin to each contingency are computed to find the resulting change in the loading margin [2] . The second order information derived from the Singular Value Decomposition (SVD) analysis of the load flow Jacobian matrix to obtain the contingency ranking [3] . A methodology for on-line voltage stability assessment for the voltage collapse point is determined through an extrapolation technique based on target vector behavior in [4] . A powerful procedure for identifying severe single branch outage contingency with respect to saddle node bifurcation induced voltage collapse, given an operating point, a load demand forecast and a generation dispatch [5] . The target vector where the idea consists of monitoring target vector norm associated with each contingency is given in [6] . The static voltage collapse indicator (LF-index) for the ranking of line outage contingency utilizing normal power flow calculations is developed. The maximum power transfer theory is used to calculate this indicator. The purpose of this indicator is to quantify the proximity of a particular operating point to voltage collapse [7] . The severity based on super components which refer to complex electrical facilities as: substations, generation plants and multiple circuit transmission lines. An outage of the super component implies the multiple and simultaneous outages of many elements. These kinds of events are not, generally, considered in the mentioned analyses; however, it would be very important to keep them in mind in the securityA neural network based approach for contingency ranking using singular value decomposition (SVD) method using Radial Bias Function (RBF) neural network is trained to map the operating condition of power system to a voltage stability indicator and contingency severity indices corresponding to transmission lines [10] . An RBF network to capture the non-linear relationship between the precontingency system state and the post-contingency severity level and the input feature selection using the mutual information index are in [11] . A fuzzy neural model comprising of a screening and ranking model for on-line voltage contingency screening and a four-stage Multi-output parallel self-organizing hierarchical neural network has been used to serve as ranking module to rank screened critical contingencies. A performance index is used in this work, which combines the effect of voltage violation and voltage stability margin [12] . An approach based on RBF neural network to rank contingencies expected to cause steady state bus voltage solutions. Euclidean distance-based clustering technique is employed to select RBF parameters [13] . The Interline Power Flow Controller (IPFC) has shown a great extent in the family of Flexible AC Transmission Systems (FACTS) for having the capability of controlling multi-transmission lines at a time. The direct modeling of the practical series operating IPFC including inequality constraints and with low coupling-transformer impedances incorporated in the Jacobian element as the transformer less controller [15] . The combination of Tabu-Search (TS) algorithm and ANN to identify the suitable location to install IPFC and the validation with Levenberg-Marquardt back propagation and gradient decent is in [16] . A control scheme and gives the relationship between the series voltage injected by the UPFC/IPFC and the resulting power flow in the transmission line is analytically derived. Then, based on this relationship, two power flow control schemes are developed. One of the schemes relies on the priori knowledge of the line impedance angle, while the other scheme does not. Both schemes are applied to a transmission line with an IPFC [17] .
Interline Power Flow Controller (Ipfc)
IPFC has the capability of controlling the active and reactive power of the first transmission line where it has incorporated and the reactive power of the second transmission line. The steady state model of IPFC developed to incorporate in NR load flow solution is considered from [18] . 
The injected active and reactive power at bus j is given in Eqn. (11) & Eqn. (12) ) sin( . .. . .
) cos( . .. . .
The injected active and reactive power at bus k is given in Eqn. (13) 
The Jacobian matrix can be modified using the above injected power from Eqn. (9) to Eqn. (14) . By expanding the regular Newton Raphson method and neglecting all higher order terms, the set of linear expressions are shown in matrix form as given in Eqn. (15) . 
Therefore, the solution to ' x ' is given in Eqn. (18) .
From Eqn. (18) it is seen that a small change in either 'A' or 'b' may cause large changes in 'x' if min  is small enough. A precise measure of the sensitivity of the linear system is needed in order to determine stability when disturbed. This concept is applied to find the condition number of the N-R load flow Jacobian (J) as in Eqn. (19) 
Contingency Screening
A.C load flow is carried out on the selected system for base case load and pre-contingency conditions. Theoretically for 'L' number of transmission lines in the system there will be 'L' number of single transmission line outage contingencies and many double transmission line outage contingencies. It is not necessary to carry out contingency ranking for all the line outages and hence the lines to be considered for ranking are selected based on the following criterions:
i.
All the heavily loaded lines ii.
Lines connected to such buses whose (any one) voltage is less than the minimum limit.
Proposed Algorithm
Condition number is basically computed as one indicator to the whole system for a given operating condition.
Step-1: The Condition number ) (J CN of the converged load flow Jacobian for the base case and at the pre contingency case is computed.
Step-2: The selected contingency one at a time is imposed on the system and ) (J CN is computed.
Step-3: Contingencies are ranked in the decreasing order of condition number (i.e., the lower value of the condition number indicates the less severe contingency)
Step-4: All steps are repeated for different loading condition
Case Study and Results
In this section, numerical results are carried out on IEEE 6-bus system, IEEE 14-bus system and IEEE 30-bus system to show the robustness of the proposed methodology [19] .
IEEE-6 Bus System
This system consists of a slack bus, 2 generator buses, 3 load buses and 11 transmission lines As the system is small, all the single line outage contingencies are considered as given in Table 1 
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Initially, the load flow solution without contingency was carried out for obtaining condition number of the Jacobian matrix. The condition number is obtained under contingencies mentioned in Table 1 for different loading condition. From Table 2 it can be observed that the condition number increases with the increment in the system load. The values of condition number have been reduced with IPFC compared to without IPFC in the system. For IEEE-6 bus system line number 2 is having the highest value of Condition number with and without IPFC in the system. In some cases line number 3 is having the next highest value.
Indian Utility UPSEB-75 Bus System
This system consists of 1-slack bus, 14-generator buses, 60-load buses and 98-transmission lines. On contingency screening total 17-transmission line outage contingencies are considered for ranking. The line outages considered for ranking is listed in Table 3 . Condition number is obtained under contingencies mentioned in Table 4 under base case loading condition and system load enhancement. Similar study as mentioned in Table 2 is considered for ranking the transmission line outage contingency and the transmission line numbers are given in Table  4 . From Table 4 it can be observed that the condition number increases with the increment in the system load. The rank of the transmission line has slightly changed for almost all the transmission lines. In UPSEB-75bus system line number 67 is having the highest value of Condition number with and without IPFC in the system. In some cases line number 28 and 31 is having the next highest value. IPFC0  IPFC1  IPFC0  IPFC1  IPFC0  IPFC1  IPFC0  IPFC1  I  67  67  67  67  67  67  67  67  II  28  28  31  31  28  28  28  28  III  64  76  28  28  64  26  64  49  IV  34  34  70  88  34  34  34  34  V  88  88  26  26  88  88  88  64  VI  26  64  74  74  26  95  26  26  VII  69  69  59  59  69  69  69  69  VIII  31  31  88  64  31  31  31  88  IX  95  95  42  42  95  74  95  95  X  76  59  69  69  76  76  76  76 Design of ANN Architecture for Prediction of CN for IEEE 6-Bus System There are 25 input variables consisting of 6 bus voltage, one reactive power reserve and one reactive power loss 11 for depicting the line outage cases and 6 IPFC parameters. If IPFC is not considered 19 input variables are considered. 19 & 25 input variables are considered for input layer and the ANN architecture is designed for predicting the output i.e., CN. To choose the best architecture for the given problem a number of trial and error simulations were carried out and finally it was found that an input layer with 19 neurons, 2 hidden layers with 19 and 10 neurons and an output layer with one neuron was found to give best performance. The network is trained with back propagation algorithm considering 175 training patterns and the network is tested for another 25 patterns. Based on the designed architecture, the training process took 0.03 seconds for CPU time. The ANN architecture of the ANN is given in Table 5 . All the simulations are carried out using MATLAB software in the i3 processor system with a clock speed of 2.18GHz. The performance characteristic of the ANN with and without IPFC is shown in Fig. 3 and Fig. 4 which gives the generalization capacity of the designed network. The performance of the ANN was test evaluated using 25 testing sets, which are different from the training set. This is essential to conform that the ANN acquires useful knowledge and does not just memorizes the training set.
The Table 6 gives the contingency ranking based on the predicted CNs for 150% load conditions along with the error in the predicted CN with and without IPFC in the system. To choose the best architecture for the given problem a number of trial and error simulations were carried out and finally it was found without incorporating IPFC in the system, an input layer with 180 neurons, 2 hidden layers with 12 and 5 neurons and an output layer with one neuron was found to give best performance. If the IPFC is incorporated in the system, an input layer with 81 neurons, 2 hidden layers with 20 and 15 neurons and an output layer with one neuron was found to give best performance. The network is trained with back propagation algorithm considering 175 training patterns and the network is tested for another 25 patterns. Based on the designed architecture, the training process took 0.05 seconds for CPU time. The ANN architecture of the ANN is given in Table- VII. All the simulations are carried out using MATLAB software in the i3 processor system with a clock speed of 2.18GHz.
Table 7 ANN Architecture for Indian Utility UPSEB-75 Bus System
The performance characteristic of the ANN is shown in Fig  4.5 and Fig 4. 6 which gives the generalization capacity of the designed network. The performance of the ANN was test evaluated using 25 testing sets, which are different from the training set. This is essential to conform that the ANN acquires useful knowledge and does not just memorizes the training set. The Table 8 gives the contingency ranking based on the predicted CNs for 150% load condition along with the error in the predicted CN. It is clear from the results that the designed ANN architecture is accurate in predicting CNs and once trained off-line it can predict CN for any unseen patterns accurately and hence has a great potential to use it in EMS on-line module.
Conclusion
The effect of installing a multi-transmission FACTS controller, i.e., IPFC in the system under single line outage conditions has been presented in this chapter. The proposed model of IPFC has been incorporated to understand the system under line outage condition. The system stability based on condition number (CN) without IPFC is compared with IPFC. Further, ANN architectures are developed for accurate for on-line prediction of contingency ranking indices without and with incorporation of IPFC in the system. The results show a very good potential for incorporation of these architectures into the online security assessment modules in EMS.
